In the face of climate change threats, governments are drawing attention to policies for mitigating its effects on biodiversity. However, the lack of distribution data makes predictions at species level a difficult task, mainly in regions of higher biodiversity. To overcome this problem, we use native landcover as a surrogate biodiversity, because it can represent specialized habitat for species, and investigate the effects of future climate change on Brazilian biomes. We characterize the climatic niches of native landcover and use ecological niche modeling to predict the potential distribution under current and future climate scenarios. Our results highlight expansion of the distribution of open vegetation and the contraction of closed forests. Drier Brazilian biomes, like Caatinga and Cerrado, are predicted to expand their distributions, being the most resistant to climate change impacts. However, these would also be affected by losses of their closed forest enclaves and their habitat-specific or endemic species. Replacement by open vegetation and overall reductions are a considerable risk for closed forest, threatening Amazon and Atlantic forest biomes. Here, we evidence the impacts of climate change on Brazilian biomes, and draw attention to the necessity for management and attenuation plans to guarantee the future of Brazilian biodiversity.
potential productivity of land. Thus, understanding the effects of future climate change on biodiversity, and designing efficient conservation strategies to avoid or mitigate it, is one of the primary contemporary challenges of science (Cahill et al. 2012) .
Many studies have been conducted to understand the effects of climate change on focal taxa (Forrest et al. 2012) , biomes (Faleiro et al. 2013 , Lemes et al. 2013 , or even globally (Foden et al. 2013 ). These studies have found different species responses to climate change, such as adaptation to new environmental conditions (Møller et al. 2008) , migration or range displacement to more adequate locations (Hickling et al. 2006) , and extinctions (Cahill et al. 2012) . Although these studies provide useful information about the impacts of climate change on biodiversity, our current knowledge is still insufficient to measure the real consequences of this threat for many species and locations around the world (Heller and Zavaleta 2009) .
Given the uncertainty surrounding the consequences of climate change, many countries are trying to predict alterations that could threaten biodiversity and are elaborating mitigation and adaptation plans (Organização das Nações Unidas 2012). However, reliable data on species distributions are unavailable or scarce for most species and regions of the world, complicating evaluations of complete biotas (Rodrigues and Brooks 2007) . This lack of data is even more critical in regions of higher biodiversity, including Brazil-a large and mega-diverse country with a high taxonomic and spatial bias on species distribution data (Lewinsohn and Prado 2002) -for which climate change could have catastrophic effects (Marengo 2015) .
In this study, to overcome the scarcity of species distribution data, we use native landcover as a surrogate to understand the main environmental alterations mediated by future climate change in Brazil. Native landcover is clearly influenced by climatic conditions, pointing to its potential to be affected by future climate change, as well as to be predicted by climatic variables (Aber and Melillo 2001, Richards 1996) . In addition, it can be an adequate biodiversity surrogate, once it can characterize habitat for many species, mainly specialists, and represent different types or levels of ecosystem services (Burkhard et al. 2010 , Lombard et al. 2003 , Rodrigues and Brooks 2007 . In this way, evaluate the impacts of climate change on distribution of native landcover could emerge as an interesting and efficient approach to study climate impacts, generating comparable results throughout the Brazilian territory and with the advantage of being completely free from taxonomical bias.
Here, we describe and quantify the effects of future climate change on the distribution of native landcover in Brazil. We then map the vulnerable areas of the Brazilian territory that need more attention from conservation managers. Finally, we summarize the impacts at a biome level, since climate change affects each of them differently and there are different laws regulating their conservation. To achieve our goals, we use novel and efficient tools to develop a conceptual and methodological framework, in order to guarantee more reliable results and generating information to support conservation policies in Brazil (Figure 1 ).
MaTerials and MeThods

STuDy AReA AND DATABASe
Brazil is a mega-diverse country and harbors one of the largest tropical forest refuges of the world (Laurance et al. 2012) . It is divided into six biomes: Amazon, Cerrado, Atlantic Forest, Caatinga, Pantanal and Pampas (Figure 2 ), which have different land uses, human densities and conservation laws. We characterized the Brazilian landcover using the GlobCover map (available at http://due.esrin.esa.int/page_globcover.php). The GlobCover map is coordinated by the European Spatial Agency (ESA) and supplies global landcover data at 300 m resolution (Bontemps et al. 2011) . This database classifies the global surface into 22 categories, of which 18 occur in Brazil, but only eight are predominantly composed by native vegetation (Table I) . Despite GlobCover being a global landcover classification, its classification is the most recent that is methodologically homogenous throughout our study area.
The climate data used here are 19 variables related to temperature and precipitation available in the WordClim database (for details about climate data, see http://www.worldclim.org/bioclim), regarding both the current climate scenario and climate predictions to the years 2050 and 2070. The current climate scenario consisted of the WorldClim database (Hijmans et al. 2005) . For future predictions, we used climate models HadGEM2 ES from the Coupled Model Intercomparison Project -Phase 5 (available at http://www.metoffice. gov.uk/research/modelling-systems/unifiedmodel/climate-models), according two different greenhouse gas emission scenarios, namely the Representative Concentration Pathways (RCP) 4.5 and 8.5. The model RCP 4.5 considers a mediumlow level of gas emissions (optimistic scenario), whereas RCP 8.5 corresponds to high gas emissions (pessimistic scenario). We used this climate model and scenarios because it was selected to the "Third Brazilian Nacional Communication of Climate Changes" and it is the base model of "Climatic Modelling and Sectorial Vulnerabilities of the Climate Changes in Brazil".
We overlaid landcover and climatic variables with 20 km grid cells, upscaling the averages of climatic variables and the most abundant landcover category. This scale was selected because consisted in the smaller grain adopted by "Third Brazilian Nacional Communication of Climate Changes". We excluded those grid cells classified as an anthropogenic landcover class because the distribution of anthropogenic landcover (urban TaBle i Data on number of locations used in the modelling approach and accuracy statistics for the decision tree classification. The native vegetation categories follow the GlobCover map (available at http://due.esrin.esa.int/page_globcover.php). Total number of grid cells for each native landcover category (TGC), the grid cell number used to aggregate climaticallysimilar cells through the decision tree analysis (DT), the accuracy statistics of the decision tree classification (Kappa and Z statistics), and to predict distribution of the landcover group through ecological niche modelling (enM) are provided. To enable our modeling approach, we classified native landcover according to its ability to be predicted by climatic variables. This evaluation is key to testing if native landcover types are linked to a climatic niche and to identify the variables that characterize them. Therefore, we evaluated similarities among grid cells, creating groups that were climatically homogeneous and that still represented the landcover categories. To achieve this, we used a decision tree analysis to make clusters of similar grid cells. The decision tree algorithm divides the initial dataset (grid cells) into homogeneous subsets taking into account one variable in each subdivision step (nodes), until homogeneous and indivisible subsets (leaves) remain. The results of this division are displayed graphically in binary tree form and the subsets represent our clusters (Breiman et al. 1984) . For each step of the decision tree division process, the correlation of the selected variable (i.e. that one generating the subdivision) with all others is calculated; so, correlated variables are avoided, circumventing the problem of multicollinearity among a large number of variables. The homogeneity of clusters was tested by means of a Gini index, which is the most suitable for categorical data (Breiman et al. 1984) . To avoid overfitting of the generated tree, we used 1000 cross-validations to balance prediction accuracy and complexity of the model (Breiman et al. 1984) .
We selected randomly 15% of grid cells to make this evaluation (Figure 1 ). The landcover categories had different extensions and, consequently, were represented by different numbers of cells in the analysis (Table I) . Because some landcover categories presented a low area of extension, they were underrepresented in the sample. However, this was not a problem for our approach as, ultimately, they were aggregated into larger vegetation groups with the most similar characteristics.
To evaluate consistency of landcover category assignment, we estimated the mean probability of each landcover category to be reclassified into other categories. This evaluation permitted us to determine: (i) the native landcover categories with high probability of being correctly predicted, i.e. those showing a higher probability of being assigned into their original landcover categories; (ii) the native landcover categories sharing climatic niches, i.e. those with a higher probability of being assigned into other categories; and (iii) those native landcover categories without a climatic niche, i.e. those assigned into many categories.
Finally, we used a random forest analysis to evaluate the importance of climatic variables in the decision tree results. This analysis consisted of 1000 random decision trees constructed through bootstrap sampling and removing one climatic variable at each step (Breiman 2001) . By comparing the resulting accuracy of all models, we could assess the relative importance of each predictor variable on the variation of the response variable (Cutler et al. 2007 ). All analyses were conducted using the R software, with the rpart (Therneau et al. 2011 ) and random forest packages (Liaw and Wiener 2002).
eCOLOGICAL NICHe MODeLING APPROACH
We used ecological niche modeling (ENM) to estimate the geographic distribution of Brazilian native landcover (Figure 1 ). This method is commonly used to evaluate the consequences of climate change on species (elith and Leathwick 2009). Currently, many ecological niche modeling algorithms are available and their predictions can vary greatly due to differences in their analytical approach (Araújo and New 2007) . ENM can be divided into three general categories (bioclimatic envelope or distance models, statistical models, and machine-learning models), which vary according to complexity, generality and precision (for a review of the main methods, see Araújo and New 2007 , Elith and Leathwick 2009 , Rangel and Loyola 2012 . To deal with the problem of prediction variation amongst models, many researchers consider areas of convergence among models, called ensemble forecasting, as the most probable distribution New 2007, Diniz-Filho et al. 2009 ).
To estimate the future native landcover distribution, we started our approach by making an exploratory analysis to identify the method that best estimates the current distribution of landcover types. We selected nine eNM techniques, consisting of a variety of methods and concepts, and combined them into three groups from which were generated ensemble forecasting predictions: (i) bioclimatic envelope and distance-based models -BIOCLIM (Busby 1991) , Gower distance (Carpenter et al. 1993) , Mahalanobis distance (Farber and Kadmon 2003) , and ensemble forecasting of bioclimatic envelope and distance models; (ii) statistical models -Generalized Linear Models (GLM; McCullagh and Nelder 1989), Generalized Additive Models (GAM; Hastie and Tibshirani 1990) (Breiman 2001) , and ensemble forecasting of machine learning. The ensemble consensuses were generated by a mean of all single-models for each group considered.
To make predictions about the spatial distribution of native landcover based on the current climate scenario, we used 25% of the grid cells through a systematic sampling that excluded data used in the decision tree analysis (Figure 1 ; Table I ). Systematic sampling has shown good results in ENM selection because it permits biasfree and proportionate sampling of the entire variability of environmental variables, increasing the accuracy of the adjustment curves generated by models (Tessarolo et al. 2014) . We divided the 25% of sampled grid cells into calibration (75%) and validation (25%), and the final distribution of each method was based on 10 replicates of crossvalidation. The threshold applied to convert the occurrence probabilities into binary classification was the prevalence in each data calibration (Nenzén and Araújo 2011) . The ensemble forecasting was generated through an average of model predictions weighted by the True Skill Statistics (TSS; Allouche et al. 2006 ) calculated according to internal validation. The ENMs were generated with the BIOENSEMBLE platform for computerintensive ensemble forecasting (Diniz-Filho et al. 2009 ).
The variables used to predict the landcover were those identified in the cluster analysis step as being efficient to discriminate climatically unique landcover categories (previous section). We chose to use these selected variables because, in this way, we could increase the robustness of predicted distributions by reducing the number of variables and thereby avoid model overfitting.
The potential distributions generated by ENM of current climate scenario was compared with reference distributions (the landcover categories reclassified according to our decision tree results) using the 60% of remaining grid cells (i.e. those cells not used in decision tree and landcover modeling for the current climate scenario), as an external validation enabling the selection of the best method. The comparison between the predicted and reference distributions was done through four evaluation metrics: sensitivity, specificity, TSS and Area under ROC Curve (AuC). The modeling methods with values > 0.8 in at least three evaluation metrics where considered adequate to be used in the distribution modeling. After choosing the best modeling method, we estimated the distribution of native landcover under future climate scenarios using the same approach previously described for current climate scenario.
resulTs and disCussion
NATIVe LANDCOVeR AND CLIMATIC NICHe SIMILARITIeS Native landcover was efficiently classified by the decision tree (Kappa statistic = 0.69; p< 0.001, percentage of grid cells correctly classified = 88.63%), showing that native landcover can be predicted by climatic variables (Figure 3 ). The decision tree was composed of 11 nodes, generated by eight variables, and classified the landcover into three categories (Figure 3) .
The variables most appropriate for describing landcover categories were isothermality, minimum temperature of the coldest month, mean temperature of the wettest quarter, annual precipitation, precipitation of the wettest month, precipitation of the wettest quarter, precipitation of the driest quarter, and precipitation of the coldest quarter. Thus, this set of variables was used to model landcover under all climate scenarios.
The decision tree identified three categories of landcover: (i) closed to open broadleaved evergreen and/or semi-deciduous forest, (ii) closed to open shrubland, and (iii) closed to open vegetation on regularly flooded or waterlogged soil. Therefore, native landcover categories were aggregated into these three categories because they shared a climatic niche. However, the kappa and Z statistics showed adequate accuracy for the native landcover classification for closed to open broadleaved evergreen and/or semi-deciduous forest and closed to open shrubland, whilst also revealing the unsuitability of the group closed to open vegetation on regularly flooded or waterlogged soil for study.
Through the mean classification probability, we identified the aggregated native landcovers as follows (Supplementary Material - Figure S1 ): 1)
The closed broadleaved forest regularly flooded and closed broadleaved semi-deciduous and/or evergreen forest regularly flooded were frequently classified as closed to open broadleaved evergreen and/or semi-deciduous forest, making these a unique climatic group. Due to the forested nature of all categories, we termed this major category as 'closed forest'; 2) the second group was composed of closed to open shrubland, open broadleaved deciduous forest, and mosaic forest/shrubland/ grassland, which we termed 'open vegetation'; and 3) the third classified group was the closed to open vegetation on regularly flooded or waterlogged soil, which did not share a climatic niche with any other category due to climatic particularities of this landcover category, which limits our conclusions about it. The problem of the third classified group is the extension of its distribution because the total area of closed to open vegetation on regularly flooded or waterlogged soil is only 1% of the study area (compared to 56% of closed forest and 14% of open vegetation). Therefore, closed to open vegetation on regularly flooded or waterlogged soil is underrepresented compared with the other categories. Since this bias could impact the interpretation and conclusions of our study, this group was not considered in subsequent results. In addition, the category closed broadleaved deciduous forest was equally classified into both closed forest and open vegetation groups ( Figure  S1 ), lacking a defined climatic individuality, so this landcover type was removed from our analysis.
Although eight native landcover classes are recognized in Brazil according to the GlobCover map, our study reduced this variability to only two climatically-recognized categories: closed forest and open vegetation. This simplification was the result of the large spatial extent of these two landcover categories, which cover broad climatic variability, while the other classes are sparsely distributed over the Brazilian territory. Therefore, we suggest that the native landcover categories with lower geographical extents and that are sparsely distributed should be studied using another sampling design, perhaps with a smaller grid scale. In addition, their distributions probably could be better predicted by including topographic and edaphic conditions, instead of solely climatic variables.
eNM SeLeCTION AND ACCuRACy
We performed 240 models of native landcover distribution under current climate scenario (12 modeling methods*10 replicas*2 landcover categories), which generated 24 estimated distributions. However, many of them were inconsistent with original distributions, showing that ENM can fail to estimate geographical distributions. The MaxEnt method demonstrated the best performance, being the only one to present values >0.8 for three of the evaluation metrics ( Figure S2) .
ENMs differed in their ability to relate the known spatial distribution of features (geographical coordinates of occurrence) and environmental variables, but machine learning methods are expected to show the best adjustment (Elith and Leathwick 2009 , Tsoar et al. 2007 ). Maxent, based on a maximum entropy approach, is frequently used in eNM studies because it produces efficient predictions. The robustness of MaxEnt compared to ensemble forecasting was surprising here, but it is now the most recommended approach in recent studies (Marmion et al. 2009 , Tessarolo et al. 2014 ). However, ensemble forecasting is responsive to low performance models because its accuracy relies on the quality of each individual model. Moreover, ensemble forecasting predictions underestimated distributions, which probably lead to omission errors and, consequently, affected the efficiency of this approach. Therefore, we selected MaxEnt to predict closed forest and open vegetation distributions under future climate scenarios.
In contrast to species distributions, landcover types should not overlap because they do not cooccur. Therefore, we considered as uncertain those locations where distributions of closed forest and open vegetation overlap under the same climatic scenario. The total area of uncertainty was small given the scale of this study, ranging from 1.8-5% of the Brazilian territory. Distributional uncertainty is common in studies using ENM (Tessarolo et al. 2014 ), but lower rates of uncertainty, such as observed here, increase the reliability of inferences from both statistical and biological viewpoints. Most areas where models revealed uncertainty are those in transition zones between different landcover categories, such as open and closed forests. Some of these areas currently present a mosaic of closed and open vegetation patches, helping to explain the overlap. In the Brazilian Amazon map of vegetation produced by the RADAMBRASIL (Brasil 1978) , for example, many of these areas are classified as contact or transition zones.
LANDCOVeR CHANGeS MeDIATeD By FuTuRe CLIMATe SCeNARIOS
The comparison between current and future predicted distributions shows that the range of closed forest will likely be reduced (Figure  4a) , threatening the biodiversity it harbors. This impact intensifies according to time and emission scenario, potentially leading to a reduction of about 50% in the original distribution of closed forest in the country (Figure 4b ). The loss of closed forest would occur mainly in the north and west of its current distribution. However, we note that although an overall reduction in closed forest is the general pattern observed for Brazil, regional patterns could be different, such as in southern Brazil where the closed forest prediction revealed a minor expansion (Figure 4a ). In contrast, the open vegetation seems to expand its range distribution mainly in the north and west of Brazil, probably replacing the areas lost by closed forest (Figure 4a ). This potential expansion also intensifies with time and emission scenarios (Figure 4b) .
A large proportion of areas with potential range expansion, such as southern Brazil and the Amazonian frontiers, are suffering intense anthropogenic influences (Faleiro et al. 2013 , Fearnside 2015 , Ribeiro et al. 2009 ). In addition, there is a relatively high human population density in southern Brazil and few native vegetation patches, which gives rise to conservation conflicts. Therefore, the predicted range expansion of closed areas will be faced with anthropogenic barriers and are not actually likely to occur.
Moreover, our predicted expansion could encounter another barrier, i.e. the temporal scale needed for adaptation, considering that we study the near future (2050 and 2070). The intensity and velocity of predicted anthropogenic changes would render adaptive evolution impossible or even prevent species dispersal to adequate areas (Parmesan 2006) .
We mapped the most vulnerable locations of Brazil from the climatic instability perspective. These sites are those where the current native landcover is not predicted to occur under future scenarios and, consequently, are susceptible to landcover replacement in the future ( Figure 5 ). The vulnerability areas were generated mainly due to reductions in closed vegetation and potential replacement by open vegetation. Therefore, these areas need attention from a conservation point of view because the negative consequences of climate change on biodiversity in those locations must be mitigated.
BRAZILIAN BIOMeS IN THe CONTexT OF FuTuRe CLIMATE CHANGE
Brazilian biomes are likely to respond differently to climate change impacts. The Amazon and Atlantic forests seem to be the most affected because they are strongly represented by closed forest, the distribution of which is predicted to be reduced. The Amazon biome showed heterogeneous impacts across its distribution. The western Brazilian Amazon is the largest stable continuous area through the timeframe examined here, so it suffers lower climate change pressure (Figure 4) , contrasting with a large proportion of vulnerable areas in the eastern distribution of Amazon Forest. The total vulnerable areas cover 35-60% of biome extent according to climate scenarios.
A recent study showed that range-edge populations of trees from the Amazon have more climate plasticity and are the most probable to persist under climate changes (Rehm et al. 2015) . The range contractions are predicted to occur from the middle-eastern edge of the Amazon to its core area, which mirrors exactly the direction of the deforestation arc (i.e. the Brazilian Amazonian region with one of the highest rates of tropical deforestation in the world, largely due to unplanned clearing for pastureland; see Fearnside et al. 2009 ). Therefore, the habitat conversion occurring in the deforestation arc may be extirpating populations of species better adapted to spatial shifts, increasing the probability of species extinction in the face of rapid future climate change (Rehm et al. 2015) . Consequently, losses of the Brazilian Amazon can be profound and probably irreversible without immediate attenuation and management actions. The Atlantic Forest presented approximately 115,000 km 2 of stable areas located mainly in the south of the biome; this is less than 0.5% of the total stable area and less than 1% of the biome's area. It represents the biome with the smallest proportion of stable native landcover and probably the most threatened by climate change. Our results contrast with patterns predicted for past climate change (i.e. glacials and interglacials) for this biome when the biome probably maintained its general geographical position and expanded northwards, suppressing the Cerrado and Caatinga and merged with the Amazon (Ledru et al. 2015, Carnaval and Moritz 2008) . Therefore, the potential losses of regional biodiversity of Atlantic Forest can be worse than suggested from past climate change.
According to studies of past climate change, the Atlantic Forest can respond to climate changes through reorganization of species assemblages, broad spatial shifts and adaptation to restricted areas (Ledru et al. 2015) . However, future climate change is likely to differ from those events of the past mainly in terms of the velocity of changes, which conceivably will be too fast to allow adaptive evolution (Parmesan 2006) . Moreover, the Atlantic Forest is the most fragmented Brazilian biome, leading to dispersal barriers (Ribeiro et al. 2009 ) that will limit species range expansion and reorganization of species assemblages. So, even the predicted expansion of closed vegetation in the southern biome might not benefit Atlantic Forest conservation, except if adequate management strategies are adopted. One possible strategy is the restoration of native landcover in areas of climatic stability or future expansion, which could represent a conservation opportunity with the greatest chance of success.
The Cerrado and Caatinga predominantly comprises open vegetation, which seems to be stable under future climate scenarios, so these biomes are likely of lower concern regarding future climate change. Our analysis predicted expansion of open vegetation, mainly of the Cerrado, and that this expansion would occur along the frontier of the Cerrado and Amazon biomes, which corresponds to the deforestation arc. Therefore, as for the Atlantic Forest, the predicted expansion might not occur. These results are somewhat contradictory to those based on projections of the distribution of tree species for the Cerrado (Siqueira and Peterson 2003) , which predict a strong contraction for the ranges of such species. It is not possible to know if this discrepancy is due to methodological differences among studies, such as modeling algorithm and climate models. Alternatively, the dry Brazilian biomes could also be threatened by loss of their closed forest enclaves (Figure 4) , becoming even more open and losing many of their trees. Despite not being the predominant vegetation type in these biomes, we stress that these closed forest enclaves may harbor habitat-specific or endemic species that do not occur in the open vegetation. Also, many of these enclaves correspond to riparian forests, which are essential to maintaining water sources and to the functioning of natural and productive systems.
The Pantanal and Pampas biomes were not well characterized in our analysis by closed forest or open vegetation, making interpretation of future climate change impacts problematic. These biomes are small compared to others, showing restricted landcover types and differing climate regimes. Thus, a different study approach is necessary to make inferences about these biomes, taking into account more local to regional landcover types and climatic variation, which were not considered in our study.
We found negative consequences of climate change in four of six Brazilian biomes, reinforcing that future climate change is a real threat to Brazilian biodiversity and ecosystems. Climate change can act synergistically with many other anthropogenic impacts, exacerbating its negative consequences for biodiversity (Mantyka-Pringle et al. 2012) . Forecasting the future impacts of climate change provides us with important clues about the appropriate conservation strategies needed to mitigate them. Thus, our results provide useful information about the consequences of climate change for Brazilian biomes, allowing the Brazilian government to develop ecological and economically-efficient conservation strategies. MZ was supported by Conselho Nacional de Desenvolvimento Científico e Tecnológico (CNPq) DTI-A fellowship number 81738/2015-9 and is currently supported by CNPq DCR fellowship number 312627/2015-7. GT is supported by CNPq PDJ fellowship number 150351/2015-1.
